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Description

Field

[0001] Example embodiments relate to video processing, for example processing of video frames for provision to a
computational analysis model.

Background

[0002] Machine or computer vision is an interesting and important aspect of many emerging applications. Computer
vision may involve receiving video frames, possibly but not necessarily live video frames, and applying them to a com-
putational analysis model which may, for example, identify specific objects or situations based on the received video,
and may even make certain inferences and/or decisions based on analysis.
[0003] US 7,095,786 discloses tracking an object in a video sequence by object masks generated for frames in a
sequence.

Summary

[0004] The scope of protection sought for various embodiments of the invention is set out by the independent claims.
[0005] The embodiments and features, if any, described in this specification that do not fall under the scope of the
independent claims are to be interpreted as examples useful for understanding various embodiments of the invention.
[0006] According to one aspect, there is provided an apparatus, comprising the features of claim 1.
[0007] Determining the object type and position in the first frame may comprise identifying a plurality of objects in the
first frame, determining for each object the object type and position in the first frame, and wherein determining the number
of frames N to skip over is based on a comparison of the respective types and positions of all objects in the first frame
with the types and positions of one or more objects in one or more prior frames.
[0008] The means may be further configured to receive subsequent frame of video content of the plurality of frames
and repeat the determining and providing operations for said subsequent frames.
[0009] The policy model may receive as input a state parameter S indicative of the respective type and position of the
one or more objects in the first, or any subsequent frame.
[0010] The image model processing means may be remote from the apparatus.
[0011] The image model processing means may be a computational model for analysing provided frames and for
producing inference output.
[0012] The means as defined herein may comprise at least one processor; and at least one memory connected to the
at least one processor.
[0013] According to another aspect, there may be provided a computer-implemented method, comprising the features
of claim 9.
[0014] According to another aspect, there may be provided a non-transitory computer readable medium comprising
the features of claim 10.
[0015] According to another aspect, there may be provided an apparatus comprising the features of claim 11.
[0016] According to another aspect, there may be provided a computer-implemented method, comprising the features
of claim 12.

Brief Description of the Drawings

[0017] Example embodiments will now be described, by way of non-limiting example, with reference to the accompa-
nying drawings, in which:

FIG. 1 is a top plan view of an object employing one or more image capture devices and memory management units
which may be configured in accordance with some example embodiments;
FIG. 2 is a schematic view of a memory manamgement unit shown in FIG. 1;
FIG. 3 is a front view of a mobile terminal employing one or more image capture devices and which may be configured
in accordance with some example embodiments;
FIG. 4 is a block diagram of a virtual reality system, which may be configured in accordance with some example
embodiments;

more objects in one or more prior frames; and providing the N+1 frame, and not the skipped-over frames, to a vision
model processor.
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[0018] According to another aspect, there may be provided a non-transitory computer readable medium comprising
program instructions stored thereon for performing a method, comprising: receiving data representing a first frame of
video content comprising a plurality of frames; determining, for at least one object in a first frame, an object type and
position in the first frame; determining a number of frames N to skip over based on a comparison of the type and position
of the object in the first frame with the type and position of one or more objects in one or more prior frames; and providing
the N+1 frame, and not the skipped-over frames, to a vision model processor.
[0019] According to another aspect, there may be provided an apparatus comprising means for: receiving data rep-
resenting a plurality of training images representing one or more segments of video; determining key frames in the
plurality of training images; using a reinforced learning method to generate a trained policy model for determining a
number N of frames to skip over responsive to a detected state S, the reinforced learning method taking as input the
plurality of training images and using a reward function to reward, for given states, an increase in the number of frames
skipped over whilst penalizing the skipping over of determined key frames to arrive at the trained policy model.
[0020] According to another aspect, there may be provided a method, comprising: receiving data representing a
plurality of training images representing one or more segments of video; determining key frames in the plurality of training
images; using a reinforced learning method to generate a trained policy model for determining a number N of frames to
skip over responsive to a detected state S, the reinforced learning method taking as input the plurality of training images
and using a reward function to reward, for given states, an increase in the number of frames skipped over whilst penalizing
the skipping over of determined key frames to arrive at the trained policy model.
[0021] According to another aspect, there may be provided an apparatus comprising at least one processor, at least
one memory directly connected to the at least one processor, the at least one memory including computer program
code, and the at least one processor, with the at least one memory and the computer program code being arranged to
perform a method comprising receiving data representing a first frame of video content comprising a plurality of frames;
determining, for at least one object in a first frame, an object type and position in the first frame; determining a number
of frames N to skip over based on a comparison of the type and position of the object in the first frame with the type and
position of one or more objects in one or more prior frames; and providing the N+1 frame, and not the skipped-over
frames, to a vision model processor.
[0022] According to another aspect, there may be provided an apparatus comprising at least one processor, at least
one memory directly connected to the at least one processor, the at least one memory including computer program
code, and the at least one processor, with the at least one memory and the computer program code being arranged to
perform a method comprising receiving data representing a plurality of training images representing one or more segments
of video; determining key frames in the plurality of training images; using a reinforced learning method to generate a
trained policy model for determining a number N of frames to skip over responsive to a detected state S, the reinforced
learning method taking as input the plurality of training images and using a reward function to reward, for given states,
an increase in the number of frames skipped over whilst penalizing the skipping over of determined key frames to arrive
at the trained policy model.
[0023] According to another aspect, there may be provided a non-transitory computer readable medium comprising
program instructions stored thereon for performing a method, comprising: receiving data representing a first frame of
video content comprising a plurality of frames; determining, for at least one object in a first frame, an object type and
position in the first frame; determining a number of frames N to skip over based on a comparison of the type and position
of the object in the first frame with the type and position of one or more objects in one or more prior frames; and providing
the N+1 frame, and not the skipped-over frames, to a vision model processor.
[0024] According to another aspect, there may be provided a non-transitory computer readable medium comprising
program instructions stored thereon for performing a method, comprising: receiving data representing a plurality of
training images representing one or more segments of video; determining key frames in the plurality of training images;
using a reinforced learning method to generate a trained policy model for determining a number N of frames to skip over
responsive to a detected state S, the reinforced learning method taking as input the plurality of training images and using
a reward function to reward, for given states, an increase in the number of frames skipped over whilst penalizing the
skipping over of determined key frames to arrive at the trained policy model.
[0025] According to another aspect, there may be provided an apparatus comprising: at least one processor; and at
least one memory including computer program code which, when executed by the at least one processor, causes the
apparatus: to receive data representing a first frame of video content comprising a plurality of frames; to determine, for
at least one object in a first frame, an object type and position in the first frame; to determine a number of frames N to
skip over based on a comparison of the type and position of the object in the first frame with the type and position of
one or more objects in one or more prior frames; and to provide the N+1 frame, and not the skipped-over frames, to a
vision model processor.
[0026] According to another aspect, there may be provided an apparatus comprising: at least one processor; and at
least one memory including computer program code which, when executed by the at least one processor, causes the
apparatus: to receive data representing a plurality of training images representing one or more segments of video; to
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determine key frames in the plurality of training images; using a reinforced learning method to generate a trained policy
model for determining a number N of frames to skip over responsive to a detected state S, the reinforced learning method
taking as input the plurality of training images and to use a reward function to reward, for given states, an increase in
the number of frames skipped over whilst penalizing the skipping over of determined key frames to arrive at the trained
policy model.

Brief Description of the Drawings

[0027] Example embodiments will now be described, by way of non-limiting example, with reference to the accompa-
nying drawings, in which:

FIG. 1 is a top plan view of an object employing one or more image capture devices and memory management units
which may be configured in accordance with some example embodiments;
FIG. 2 is a schematic view of a memory manamgement unit shown in FIG. 1;
FIG. 3 is a front view of a mobile terminal employing one or more image capture devices and which may be configured
in accordance with some example embodiments;
FIG. 4 is a block diagram of a virtual reality system, which may be configured in accordance with some example
embodiments;
FIG. 5 is a flow diagram illustrating processing operations that may comprise example embodiments;
FIG. 6 is a flow diagram illustrating in more general terms processing operations that may comprise example em-
bodiments;
FIG. 7 is a flow diagram illustrating processing operations that may comprise example embodiments relating to
training a policy model;
FIGS. 8A and 8B are, respectively, frame sequences of video content, each showing an identified object, which
may be useful for understanding example embodiments;
FIG. 9 is a schematic view of components that may comprise example embodiments; and
FIG. 10 is a plan view of a non-transitory medium that may store computer code which, when executed on one or
more processors, may cause performance of processing operations described herein.

Detailed Description

[0028] Example embodiments relate to video processing, which may involve receiving data, hereafter "video data,"
representing a plurality of frames which may comprise one or more video segments or video programmes. The video
data may be received directly from a capture source, such as from one or more cameras, or may be received from some
form of provisioning system such as a media server. The video data may be received as a streaming service or in one
or more downloaded batches. The video data may represent a live video feed; that is data received from a capture
source in real-time or near real-time, although this is not necessarily the case.
[0029] Example embodiments may relate to processing the video data prior to it being transferred to some other video
processing system or module, such as one providing or implementing a computational analysis model that receives the
video data and performs some analysis to generate inference output and/or which makes a decision which may be
applied to some electronic, computerised or other technical system. For example, the analysis may involve one or more
of identifying one or more objects in the video, determining specifically what they are in ’real-world’ terms, tracking their
movement, predicting future movement, detecting particular circumstances or events, e.g. a hazardous or suspicious
events, and/or taking some form of action.
[0030] Referring to FIG. 1, for example, in the field of autonomous vehicles, one or more cameras 10 may be mounted
on the body of a vehicle 11, each capturing a respective viewport 12 and feeding the generated video data representing,
for example, sixty frames-per-second of captured video, to one or more management units 13. The one or more man-
agement units 13 may be one or more computerised systems that analyse the received video data to take actions based
on a computerised model which may be stored locally, or possibly remotely, in data form. For example, the actions may
comprise moving the vehicle forwards or backwards and at a particular speed, applying the brakes, deciding how urgently
to apply the brakes, which direction to turn the wheels, and so forth. The management unit 13 may receive other data,
such as positional data from an on-board GNSS receiver, traffic data from a remote system, mapping data and so forth.
The computerised model, in basic terms, may determine what happens in real-time or near real-time as a result of
detecting a particular situation contained in the video data. A situation may comprise one or more sub-states, such as
detection of an object 14 at a given position, relative to the current speed and movement vector of the vehicle, the speed
and movement vector of the object and the type of object. All of these sub-states may be used by the computerised
model to determine, for example, whether to urgently apply the brakes, e.g. if the object 14 is a person and collision is
likely to result, whether to change the speed and/or direction of the vehicle, if this will help avoid collision, or whether to
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do nothing, e.g. if the object is an item of litter.
[0031] FIG. 2 is a schematic view of the management unit 13 according to an example embodiment. The management
unit 13 may comprise a pre-processing module 20 for receiving the video data from the one or more cameras 10. The
purpose of the pre-processing module 20 will be explained later-on, but in overview is configured to select or filter which
video frames are to be provided to a vision computational analysis model 21 (hereafter vision model) which performs
more processing-intensive tasks involved in analysing the provided video frames. The vision model 21 may generate
inference and/or decision output which may be displayed, e.g. to a driver or passenger information system, and/or which
may be input to a control unit 22 which controls, in this case, one or more electrical and/or mechanical aspects of the
vehicle 11. For example, the control unit 22 may issue a signal which controls application of the brakes 23. The same
control unit 22, or other control units, may control other aspects such as steering, acceleration, indicating, lighting and
so on.
[0032] Another example is illustrated in FIG. 3 which relates to an augmented reality (AR) application. A mobile device
30, such as a smartphone or tablet computer, may comprise a display screen 31 and one or more cameras 32 for
capturing video data representing frames of video. Note that capturing may not mean storing the video on a memory of
the mobile device, but may mean displaying it to the display screen 31. As a user of the mobile device 30 captures within
the camera’s viewport one or more objects 33, the video data may be analysed, for example, to identify objects such as
people, barcodes, retail items, buildings, etc. which may be for a specific purpose. For example, a vision model may be
used to analyse detected people, perform facial recognition and to display the name 34 of the person on the display
screen 31.
[0033] AR is one of a number of technologies falling within the umbrella term of virtual reality (VR.) Any VR related
technology may employ methods and apparatuses disclosed herein. For example, FIG. 4 shows a generalised VR
system 40, comprising a media player 41 and a VR display device 42. The media player 41 may comprise a personal
computer, laptop or games console. In some cases, the media player 41 may comprise part of the VR display device
42. The VR display device 42 may comprise a headset, glasses, goggles or a mobile phone. A remote content provider
43 may store and transmit streaming video data which, in the context of embodiments, is VR content data for display to
the VR display device 42. The content provider 43 streams the VR content data over a data network 44, which may be
any network, for example an IP network such as an over-the-air network, such as a 3G, 4G or 5G mobile IP network, a
multicast network, or a broadcast network. If data network 44 is unidirectional, a return channel for providing feedback
from VR display device 42 to the content provider 43 may be provided by another data network. The VR display device
42 may comprise two display screens and possibly speakers or headphones for outputting corresponding audio data.
The VR display device 42 may also comprise one or more cameras for capturing the surrounding space of the user.
Video data captured by the one or more cameras may be analysed in real-time by a vision model, for example to alert
the user as to surrounding objects of a particular type and to pause said VR content data and/or to show a picture-in-
picture view of the surrounding objects.
[0034] In all examples, the vision model used for analysis of the video frames may be stored locally in the user device,
whether in the vehicle 11, mobile device 30 or VR system 40, or in some cases may be provided on an edge device,
such as at a router or network, or even on a remote server, such as in a cloud-based system. The vision model may be
generated based on one or more deep learning methods.
[0035] Such vision models may be computationally expensive to execute given the potential complexity or the models
produced using deep learning. Vision models may be highly computationally expensive for real-time or near real-time
applications, not least because the video data may be received at, for example, sixty frames per second. Some known
vision models perform at approximately five Tera Operations per Second (TOPS) which gives an idea of the magnitude
of processing involved in executing a computational model with incoming video frames. It follows that this involves
significant energy consumption. An example real-time object detection vision model is called YOLO (You Only Look
Once) which processes images at thirty frames per second.
[0036] Example embodiments herein may reduce the energy consumption by reducing the number of frames that are
provided to the vision model analysis stage, which may employ a deep learning computational model. This enables
lower energy consumption without needing to, for example, compress the vision model which may lead to degradation
in performance and accuracy which may be critical to certain real-time applications such as in autonomous vehicles.
Where the vision model is remote from the relevant apparatus, e.g. in the cloud, example embodiments also reduce the
number of frames that need to be transmitted over the relevant network. Example embodiments may therefore offer
bandwidth savings.
[0037] Example embodiments involve receiving a frame of the video data, identifying one or more objects therein, and
determining a number of frames N to skip over based on the type and position of the one or more objects in the frame
compared with the type and position of one or more objects in one or more prior frames. The skipped-over frames are
not provided to the vision model for image analysis. Rather, the subsequent frame N+1 is that which is next provided,
and the process may repeat for further received frames, whereby the number of frames N to skip over may dynamically
change depending on said type and spatio-temporal locality observations.
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[0038] A policy model may be used to determine the number of frames N to skip over. The policy model may be a
pre-trained policy model that is provided as a stand-alone data set or structure on the relevant device, whether a mobile
device or vehicle, or whichever other form of device is involved. The policy model may be pre-trained using a reinforced
learning (RL) method, such as by using a Markov Decision Process (MDP) to produce a Q-network. The policy model
may receive as input a state parameter S indicative of the spatio-temporal locality of the one or more objects in the
current frame in relation to one or more prior frames.
[0039] A type of object may refer to a class of object, for example to differentiate humans from animals, and both
humans and animals from vehicles, and so on. Different sub-classes may even be classified within each class, e.g.
within a human class there may be gender sub-classes (male and female), short and tall human sub-classes etc. Similarly,
sub-classes may be provided for aminals (e.g. cheetah, cat) and vehicles (e.g. car, ship, aircraft.) An object’s type may
be produced as an inference from an object recognition model which has been pre-trained to classify received image
data as comprising one or more identified object types and/or sub-types.
[0040] Spatio-temporal locality refers to how much an identified object changes its spatial position over time. The
object may comprise a blob of spatially adjacent pixels in a given frame (segmentation) or may be determined by
identifying regions of interest, e.g. in rectangular bounding boxes as compared with non-objects such as background
terrain. This may give some indication of what the object is, e.g. a slow or fast moving object, which in some example
embodiments may be used to determine what action, e.g. how many frames to skip, is performed. In some embodiments,
by computationally determining the type of object that is identified, e.g. what class and/or sub-class it belongs to using
a trained computational model, the temporal locality of said object type across a plurality of frames may provide additional
information that provides a better estimate of the number of frames N to skip over. So, for example, an object identified
as a first type may be treated differently from an object identified as a second type by a policy model. The first type may
for example be a car and the second type may be a boat. In some embodiments, multiple objects in the received frame
are assessed using the policy model.
[0041] In some embodiments, all pixels or objects in the received frame are assessed using the policy model, whereby
some pixels or objects may represent one or more specific objects of interest and other pixels may represent non-objects,
e.g. background. Therefore, an assessment may be made on a whole-frame basis whereby the policy model determines
the number of frames to skip over based not on only one object, but rather all objects in the frame.
[0042] It follows that by reducing the number of frames that are provided to a subsequent, processing-heavy stage of
video analysis, energy consumption may be reduced. This is enabled by means of a data-driven (as opposed to, e.g.
heuristic) approach in which the accuracy of inferences or decisions made by the subsequent video analysis stage
should be maintained, or at least not reduced significantly.
[0043] FIG. 5 is a flow diagram of operations performed on an apparatus on which example embodiments are provided
or performed. For example, the apparatus may be any of the systems shown in FIGS. 1-4. The apparatus receives input
video frames 50, which may be received in real-time or near real-time in order for a vision model 52 to produce inference
output 53 based on a process or skip controller 56 which determines which frames are passed for processing by said
vision model 52 and which are skipped over. The process or skip controller 56 decisions are made based on a policy
model 54 which informs the former how many frames N to skip over. The skipped-over frames N may still nevertheless
be output, e.g. to a display screen, but are not passed to the vision model 52 for analysis processing. A feature extraction
stage 58 may be provided to extract and determine object types, to identify their co-ordinates in accordance with known
methods, and to provide this information as input to the policy model 54. The feature extraction stage 58 may comprise
a pre-trained model for determining object type, which may comprise one or more layers of sub-types. Example pre-
trained models may comprise one or more of YOLO, TinyYOLO and convolutional neural network (CNN) based feature
extractors.
[0044] Alternatively, or additionally, as indicated by the dashed line 57, the vision model 52 may be used, at least in
part, to determine object type and/or sub-type and provide inference output to the policy model 54. It may be assumed
that the vision model 52 is configured to perform some further vision processing task in addition to determining object
type. The policy model 54 may compare the respective object types and co-ordinates with types and co-ordinates (and
possibly other parameters) of corresponding objects in one or more previous frames. The policy model 54 may access
a data store 59 or cache which maintains a buffer of predefined or variable length representing objects and co-ordinates
in previous frames. The policy model 54 generates the next value of N and the process may repeat.
[0045] FIG. 6 is a flow diagram of operations in more general form, which operations may be performed by hardware,
software or a combination of both.
[0046] A first operation 6.1 may comprise receiving data representing a first frame of video content comprising a
plurality of frames.
[0047] A second operation 6.2 may comprise determining, for at least one object in a first frame, an object type and
position in the first frame.
[0048] A third operation 6.3 may comprise determining a number of frames N to skip over based on a comparison of
the type and position of the object in the first frame with the type and position of one or more objects in one or more
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prior frames.
[0049] A fourth operation 6.4 may comprise providing the N+1th frame, not the skipped-over frames, to a vision model
for processing the frame and providing, e.g. an inference output.
[0050] The above-mentioned policy model 54 may be pre-trained and provided as a stand-alone model for storage
on the relevant apparatus. It may be pre-trained by an external system and deployed or distributed over a network.
[0051] Regarding the training stage, this may involve training a reinforced learning (RL) model using unlabelled video
segments; that is a potentially large number of video frames from disparate sources which have not be categorised or
labelled in any particular way for use in a machine learning method. Such unlabelled video is freely available from various
providers and/or can be obtained from the internet. The policy model 54 may be trained using a Markov Decision Process
(MDP) where there are a number of elements, namely a state, actions and rewards. In other embodiments, the training
frames may be labelled.
[0052] For example, a state S may be defined as the current state of the video frame Fn which may comprise an object
having an inferred type and/or sub-type and having pixels at certain co-ordinates and some historical information about
the object, e.g. co-ordinates in one or more prior frames.
[0053] For example, an action A may provide an update of the state S. Actions A may correspond to the number of
frames N that should be skipped over. Therefore, knowledge of both the input (co-ordinates in the frame) and output
(what the type and spatio-temporal locality information indicates about the one or more objects) in a given state S may
result in an action A to update the state, e.g. skip N frames. For example, a stationary or slow-moving object type, such
as a resting cat, may result in a greater number of frames being skipped than a faster-moving object type, such as a
moving car. Thus, the semantics of the object type are taken into account during training to provide additional information
useful for generating an appropriate action A. Taking the above example, without knowledge of the object type of ’cat’
or ’car,’ if both object bounding boxes are at the same position (x1, y1, z1) then their states S are the same. Incorporating
the object type differentiates the two objects as having respective different states, for example: 

[0054] The respective states SA, SB may be assigned, through the training phase, a more accurate and fine-grained
skipping policy appropriate for their semantics.
[0055] For example, a reward R may, for each action A performed in a state S, be assigned to an agent. The reward
may depend on the input state S, the action A and an output state S’ reached after performing the action A. The reward
R may be designed during the training stage to increase or maximise the number of frames skipped over (i.e. N should
be large.) As such, a greater reward R may be given to the agent if more frames N are skipped over. This is with the
aim of reducing the number of frames needing to be processed by the subsequent video analysis stage using the vision
model. However, in order to avoid missing any important objects or events in the video analysis stage, e.g. by skipping
over important frames, training may also penalise the reward R if any socalled key frames are missed as a result of the
skip over. Therefore, in some embodiments, key frames may be determined by applying the training frames to a pre-
trained object detection model to identify frames in which either a new object appears or an existing object transitions.
For example, during training, the reward R may increase by a value of x for every frame skipped over, but decreased
by a value of y for every key frame skipped over. The values of x and y may be the same or different.
[0056] An optimal policy model may therefore be one that maximises the reward over an entire video segment whilst
avoiding missing key frames.
[0057] After sufficient training, e.g. after a large but feasible number of training frames have been processed, the RL
model is saved and may be deployed as the policy model to such apparatuses as are shown and described with reference
to FIGS. 1-4, given by way of example. Thus, whilst generating the RL model might itself be computationally intensive,
it need only be performed once before being deployed to other apparatuses for implementation.
[0058] FIG. 7 is a flow diagram of training operations in more general form, which operations may be performed by
hardware, software or a combination of both.
[0059] A first operation 7.1 may comprise receiving data representing a plurality of training frames. The training frames
may be unlabelled video frames.
[0060] A second operation 7.2 may comprise determining key frames in the training images. The key frames may be
frames where a new object is detected or an object transitions. The key frames may be detected using a pre-trained
object detection model.
[0061] A third operation 7.3 may comprise using a reinforced learning (RL) method to generate a trained policy model
for determining a number of frames N to skip over based on a current state S. The state S may take into account the
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type and/or sub-type of object.
[0062] FIGS. 8A and 8B each show a plurality of sequential frames of respective video segments, by way of example,
to show how the frames may be processed using the pre-trained policy model 54.
[0063] FIG. 8A shows sequential frames 80A - 80E which depict a relatively static or slow-moving foreground object
81. Upon receiving the first frame 80A, the method may identify the foreground object 81 and background object 84 and
extract features, such as the co-ordinates of the pixels blob which makes up the foreground object and that which makes
up the background object. Other pixels corresponding to other objects (not shown) may also be taken into account. In
other embodiments, feature extraction may involve identifying candidate objects within bounding boxes. The blobs /
candidate objects may be passed to a computational model, for example within the feature extraction stage 58 or as
part of the vision model 52, to determine object type and/or sub-type, e.g. "cat." The type and co-ordinates may be
compared by the policy model 54 with type and co-ordinates of one or more previous frames (not shown) to identify that
the foreground object 81 is a cat and has not moved or has moved very little. Accordingly, the policy model 54 may
determine that this and the next three frames (N = 4) may be skipped over with the subsequent frame 80E, being the
N+1th frame, provided to the vision model 52.
[0064] FIG. 8B shows sequential frames 82A - 82E which depict a relatively fast-moving foreground object 83, such
as a moving vehicle. Upon receiving the first frame 82A the method may identify the foreground object 83 and background
object 85 and extract features, such as the co-ordinates of the pixel blob which makes up the foreground object. In other
embodiments, feature extraction may involve identifying candidate objects within bounding boxes. The blobs / candidate
objects may be passed to a computational model, for example within the feature extraction stage 58 or as part of the
vision model 52, to determine object type and/or sub-type, e.g. "car." The type and co-ordinates may be compared by
the policy model 54 with type and co-ordinates of one or more previous frames (not shown) to identify that the foreground
object 83 is a car and has moved by a relatively large amount. Accordingly, the policy model 54 may determine that this
and the next frame (N = 2) are to be skipped over with the subsequent frame 82C, being the N+1th frame, provided to
the vision model 52. The process may repeat for the next frame 82D which, based on the spatio-temporal locality of this
frame with regard to one or more previous frames, e.g. 82A - 82C, may result in a different number of skip over frames,
e.g. N = 1.
[0065] In some examples therefore, substantially the entire frame is segmented into a plurality of objects, or multiple
objects extracted, which is then processed by the policy model 54. In this way, one consolidated frame skipping decision
is made based on the whole frame (rather than sub-regions) or all objects in a frame in order to skip the subsequent
processing of one or more entire frames.
[0066] FIG. 9 is a schematic diagram of components of an apparatus 90 in which the operations of either of FIGS. 6
and 7 may be performed. The apparatus 90 may have a controller 91, closely-coupled to a memory 94, and, optionally,
hardware keys 96, a display 98 and a camera 99. The apparatus 90 may comprise at least one network interface 110
for connection to a network or other data networks, e.g. a modem which may be wired or wireless. For example, the
network interface 110 may be used to download the policy model 54 and or the vision model 52 from a remote server
or to provide a filtered-down number of frames to the vision model, if remote from the apparatus 90.
[0067] The memory 94 may be comprised of a RAM 92 and a ROM 93.
[0068] The processor 91 may be connected to each of the other components in order to control operation thereof.
[0069] The memory 94 may comprise a non-volatile memory, a hard disk drive (HDD) or a solid state drive (SSD).
The ROM 93 of the memory 94 may store, amongst other things, an operating system 112 and may store one or more
software applications 114. The RAM 92 of the memory 94 may be used by the processor 91 for the temporary storage
of data. The operating system 112 may contain code which, when executed by the processor, performs the operations
of either of FIGS. 6 and 7 and variants thereof.
[0070] The processor 91 may take any suitable form. For instance, it may be a microcontroller, plural microcontrollers,
a processor, or plural processors.
[0071] The policy model 54 and/or the vision model may be stored in the ROM 93 or a separate storage module, for
example on a memory card.
[0072] FIG. 10 shows a non-transitory media 120 according to some embodiments. The non-transitory media 120 is
a computer readable storage medium. It may be e.g. a CD, a DVD, a USB stick, a blue ray disk, etc. The non-transitory
media 120 stores computer program code, causing an apparatus to perform the method of any of FIGS. 6 and/or 7,
when executed by a processor such as processor 91 of FIG. 9.
[0073] In the foregoing, names of network elements, protocols, and methods may be based on current standards. In
other versions or other technologies, the names of these network elements and/or protocols and/or methods may be
different, as long as they provide a corresponding functionality. For example, embodiments may be deployed in
2G/3G/4G/5G networks and further generations of 3GPP but also in non-3GPP radio networks such as WiFi.
[0074] A memory may be volatile or non-volatile. It may be e.g. a RAM, a sram, a flash memory, a FPGA block ram,
a DCD, a CD, a USB stick, and a blue ray disk.
[0075] If not otherwise stated or otherwise made clear from the context, the statement that two entities are different
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means that they perform different functions. It does not necessarily mean that they are based on different hardware.
That is, each of the entities described in the present description may be based on a different hardware, or some or all
of the entities may be based on the same hardware. It does not necessarily mean that they are based on different
software. That is, each of the entities described in the present description may be based on different software, or some
or all of the entities may be based on the same software. Each of the entities described in the present description may
be embodied in the cloud.
[0076] Implementations of any of the above described blocks, apparatuses, systems, techniques or methods include,
as non-limiting examples, implementations as hardware, software, firmware, special purpose circuits or logic, general
purpose hardware or controller or other computing devices, or some combination thereof. Some embodiments may be
implemented in the cloud.
[0077] References to "means" may mean any hardware or software or combination thereof. For example, means may
refer to at least one processor; and at least one memory connected to the at least one processor.
[0078] It is to be understood that what is described above is what is presently considered the preferred embodiments.
However, it should be noted that the description of the preferred embodiments is given by way of example only and that
various modifications may be made without departing from the scope as defined by the appended claims.

Claims

1. An apparatus (90), comprising means for:

receiving (6.1) data representing a first frame of video content comprising a plurality of frames;
determining (6.2), for at least one object in a first frame, an object type and position in the first frame;
using a policy model, determining (6.3) a number of frames N to skip over based on a comparison of the type
and position of the object in the first frame with the type and position of one or more objects in one or more prior
frames, wherein the policy model has been trained using a reinforced learning method which takes as input a
plurality of training frames, uses an object detection model for determining key frames in the plurality of training
frames, a key frame being a frame in which a new object appears or object transitions occur, wherein the
reinforced learning method uses a reward function that rewards, for given states indicative of the type and
position of one or more objects in the training frames, an increase in the number of frames N skipped over,
whilst penalizing the skipping over of determined key frames; and
providing (6.4) the N+1 frame, and not the skipped-over frames, to means for applying said frame to a vision
model for analysing provided frames.

2. The apparatus of any preceding claim, wherein determining the object type and position in the first frame comprises
identifying a plurality of objects in the first frame, determining for each object the object type and position in the first
frame, and wherein determining the number of frames N to skip over is based on a comparison of the respective
types and positions of all objects in the first frame with the types and positions of one or more objects in one or more
prior frames.

3. The apparatus of claim 1 or claim 2, wherein the means is further configured to receive subsequent frames of video
content of the plurality of frames and repeat the determining and providing operations for said subsequent frames.

4. The apparatus of any preceding claim, wherein the policy model receives as input a state parameter S indicative of
the respective type and position of the one or more objects in the first, or any subsequent frame.

5. The apparatus of any preceding claim, wherein the object detection model has been pre-trained to classify received
image data as comprising one or more identified object classes.

6. The apparatus of any preceding claim, wherein the vision model processing means is remote from the apparatus.

7. The apparatus of any preceding claim, wherein the vision model processing means is a computational model for
analysing provided frames and for producing inference output.

8. The apparatus of any preceding claim, wherein the means comprises:

at least one processor; and
at least one memory connected to the at least one processor.
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9. A computer-implemented method, comprising:

receiving (6.1) data representing a first frame of video content comprising a plurality of frames;
determining (6.2), for at least one object in a first frame, an object type and position in the first frame;
using a policy model, determining (6.3) a number of frames N to skip over based on a comparison of the type
and position of the object in the first frame with the type and position of one or more objects in one or more prior
frames, wherein the policy model has been trained using a reinforced learning method which takes as input a
plurality of training frames, uses an object detection model for determining key frames in the plurality of training
frames, a key frame being a frame in which a new object appears or object transitions occur, wherein the
reinforced learning method uses a reward function that rewards, for given states indicative of the type and
position of one or more objects in the training frames, an increase in the number of frames N skipped over,
whilst penalizing the skipping over of determined key frames; and
providing (6.4) the N+1 frame, and not the skipped-over frames, to a vision model processor for analysing
provided frames.

10. A non-transitory computer readable medium (120) comprising program instructions stored thereon for performing
a method, comprising:

receiving (6.1) data representing a first frame of video content comprising a plurality of frames;
determining (6.2), for at least one object in a first frame, an object type and position in the first frame;
using a policy model determining (6.3) a number of frames N to skip over based on a comparison of the type
and position of the object in the first frame with the type and position of one or more objects in one or more prior
frames, wherein the policy model has been trained using a reinforced learning method which takes as input a
plurality of training frames, uses an object detection model for determining key frames in the plurality of training
frames, a key frame being a frame in which a new object appears or object transitions occur, wherein the
reinforced learning method uses a reward function that rewards, for given states indicative of the type and
position of one or more objects in the training frames, an increase in the number of frames N skipped over,
whilst penalizing the skipping over of determined key frames; and
providing (6.4) the N+1 frame, and not the skipped-over frames, to a vision model processor for analysing
provided frames.

11. Apparatus comprising means for:

receiving (7.1) data representing a plurality of training frames representing one or more segments of video;
determining (7.2) key frames in the plurality of training frames, wherein key frames are frames in which new
objects appear or object transitions occur;
using (7.3) a reinforced learning method to generate a trained policy model for determining a number N of
frames to skip over responsive to a detected state S, indicative of the respective type and position of the one
or more objects in a frame, the reinforced learning method taking as input the plurality of training frames and
using a reward function to reward, for given states indicative of the type and position of one or more objects in
the training frames, an increase in the number of frames skipped over whilst penalizing the skipping over of
determined key frames to arrive at the trained policy model.

12. A computer-implemented method, comprising:

receiving (7.1) data representing a plurality of training frames representing one or more segments of video;
determining (7.2) key frames in the plurality of training frames, wherein key frames are frames in which new
objects appear or object transitions occur;
using (7.3) a reinforced learning method to generate a trained policy model for determining a number N of
frames to skip over responsive to a detected state S, indicative of the respective type and position of the one
or more objects in a frame, the reinforced learning method taking as input the plurality of training frames and
using a reward function to reward, for given states indicative of the type and position of one or more objects in
the training frames, an increase in the number of frames skipped over whilst penalizing the skipping over of
determined key frames to arrive at the trained policy model.
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Patentansprüche

1. Vorrichtung (90), die Mittel zum Durchführen von Folgendem umfasst:

Empfangen (6.1) von Daten, die einen ersten Frame eines Videoinhalts repräsentieren, der eine Vielzahl von
Frames umfasst;
Bestimmen (6.2) eines Objekttyps und einer Objektposition in einem ersten Frame für mindestens ein Objekt
im ersten Frame;
Bestimmen (6.3) einer Anzahl von zu überspringenden Frames N unter Verwendung eines Richtlinienmodells
auf Basis eines Vergleichs des Typs und der Position des Objekts im ersten Frame mit dem Typ und der Position
von einem oder mehreren Objekten in einem oder mehreren vorherigen Frames, wobei das Richtlinienmodell
unter Verwendung eines verstärkten Lernverfahrens trainiert wurde, das als Eingabe eine Vielzahl von Trai-
ningsframes nimmt, ein Objektdetektionsmodell zum Bestimmen von Schlüsselframes in der Vielzahl von Trai-
ningsframes verwendet, wobei ein Schlüsselframe ein Frame ist, in dem das neue Objekt erscheint oder Ob-
jektübergänge auftreten, wobei das verstärkte Lernverfahren eine Belohnungsfunktion verwendet, die für ge-
gebene Zustände, die den Typ und die Position von einem oder mehreren Objekten in den Trainingsframes
anzeigen, eine Erhöhung der Anzahl von übersprungenen Frames N belohnt, während das Überspringen von
bestimmten Schlüsselframes bestraft wird; und
Bereitstellen (6.4) des N+1-Frames und nicht der übersprungenen Frames für Mittel zum Anwenden des Frames
auf ein Visionsmodell zum Analysieren von bereitgestellten Frames.

2. Vorrichtung nach einem der vorhergehenden Ansprüche, wobei das Bestimmen des Objekttyps und der Objektpo-
sition im ersten Frame das Identifizieren einer Vielzahl von Objekten im ersten Frame, das Bestimmen des Objekttyps
und der Objektposition für jedes Objekt im ersten Frame umfasst und wobei das Bestimmen der Anzahl von zu
überspringenden Frames N auf einem Vergleich der jeweiligen Typen und Positionen von allen Objekten im ersten
Frame mit den Typen und Positionen von einem oder mehreren Objekten in einem oder mehreren vorherigen Frames
basiert.

3. Vorrichtung nach Anspruch 1 oder Anspruch 2, wobei die Mittel ferner dazu ausgelegt sind, nachfolgende Frames
eines Videoinhalts der Vielzahl von Frames zu empfangen und das Bestimmen und Bereitstellen von Operationen
für die nachfolgenden Frames zu wiederholen.

4. Vorrichtung nach einem der vorhergehenden Ansprüche, wobei das Richtlinienmodell als Eingabe einen Zu-
standsparameter S empfängt, der den jeweiligen Typ und die jeweilige Position des einen oder der mehreren Objekte
im ersten oder einem nachfolgenden Frame anzeigt.

5. Vorrichtung nach einem der vorhergehenden Ansprüche, wobei das Objektdetektionsmodell vortrainiert wurde, um
empfangene Bilddaten als eine oder mehrere identifizierte Objektklassen umfassend zu klassifizieren.

6. Vorrichtung nach einem der vorhergehenden Ansprüche, wobei die Visionsmodellverarbeitungsmittel von der Vor-
richtung entfernt sind.

7. Vorrichtung nach einem der vorhergehenden Ansprüche, wobei die Visionsmodellverarbeitungsmittel ein Berech-
nungsmodell zum Analysieren von bereitgestellten Frames und zum Produzieren einer Inferenzausgabe sind.

8. Vorrichtung nach einem der vorhergehenden Ansprüche, wobei die Mittel Folgendes umfassen:

mindestens einen Prozessor und
mindestens einen Speicher, der mit dem mindestens einen Prozessor verbunden ist.

9. Computerimplementiertes Verfahren, das Folgendes umfasst:

Empfangen (6.1) von Daten, die einen ersten Frame eines Videoinhalts repräsentieren, der eine Vielzahl von
Frames umfasst;
Bestimmen (6.2) eines Objekttyps und einer Objektposition in einem ersten Frame für mindestens ein Objekt
im ersten Frame;
Bestimmen (6.3) einer Anzahl von zu überspringenden Frames N unter Verwendung eines Richtlinienmodells
auf Basis eines Vergleichs des Typs und der Position des Objekts im ersten Frame mit dem Typ und der Position



EP 3 739 503 B1

12

5

10

15

20

25

30

35

40

45

50

55

von einem oder mehreren Objekten in einem oder mehreren vorherigen Frames, wobei das Richtlinienmodell
unter Verwendung eines verstärkten Lernverfahrens trainiert wurde, das als Eingabe eine Vielzahl von Trai-
ningsframes nimmt, ein Objektdetektionsmodell zum Bestimmen von Schlüsselframes in der Vielzahl von Trai-
ningsframes verwendet, wobei ein Schlüsselframe ein Frame ist, in dem das neue Objekt erscheint oder Ob-
jektübergänge auftreten, wobei das verstärkte Lernverfahren eine Belohnungsfunktion verwendet, die für ge-
gebene Zustände, die den Typ und die Position von einem oder mehreren Objekten in den Trainingsframes
anzeigen, eine Erhöhung der Anzahl von übersprungenen Frames N belohnt, während das Überspringen von
bestimmten Schlüsselframes bestraft wird; und
Bereitstellen (6.4) des N+1-Frames und nicht der übersprungenen Frames für einen Visionsmodellprozessor
zum Analysieren von bereitgestellten Frames.

10. Nichttransitorisches computerlesbares Medium (120), das darauf gespeicherte Programmanweisungen zum Durch-
führen eines Verfahrens umfasst, das Folgendes umfasst:

Empfangen (6.1) von Daten, die einen ersten Frame eines Videoinhalts repräsentieren, der eine Vielzahl von
Frames umfasst;
Bestimmen (6.2) eines Objekttyps und einer Objektposition in einem ersten Frame für mindestens ein Objekt
im ersten Frame;
Bestimmen (6.3) einer Anzahl von zu überspringenden Frames N unter Verwendung eines Richtlinienmodells
auf Basis eines Vergleichs des Typs und der Position des Objekts im ersten Frame mit dem Typ und der Position
von einem oder mehreren Objekten in einem oder mehreren vorherigen Frames, wobei das Richtlinienmodell
unter Verwendung eines verstärkten Lernverfahrens trainiert wurde, das als Eingabe eine Vielzahl von Trai-
ningsframes nimmt, ein Objektdetektionsmodell zum Bestimmen von Schlüsselframes in der Vielzahl von Trai-
ningsframes verwendet, wobei ein Schlüsselframe ein Frame ist, in dem das neue Objekt erscheint oder Ob-
jektübergänge auftreten, wobei das verstärkte Lernverfahren eine Belohnungsfunktion verwendet, die für ge-
gebene Zustände, die den Typ und die Position von einem oder mehreren Objekten in den Trainingsframes
anzeigen, eine Erhöhung der Anzahl von übersprungenen Frames N belohnt, während das Überspringen von
bestimmten Schlüsselframes bestraft wird; und
Bereitstellen (6.4) des N+1-Frames und nicht der übersprungenen Frames für einen Visionsmodellprozessor
zum Analysieren von bereitgestellten Frames.

11. Vorrichtung, die Mittel für Folgendes umfasst:

Empfangen (7.1) von Daten, die eine Vielzahl von Trainingsframes repräsentieren, die eine oder mehrere
Videosegmente repräsentieren;
Bestimmen (7.2) von Schlüsselframes in der Vielzahl von Trainingsframes, wobei Schlüsselframes Frames
sind, in denen neue Objekte erscheinen oder Objektübergänge auftreten;
Bestimmen (7.3) eines verstärkten Lernverfahrens, um in Reaktion auf einen detektierten Zustand S, der den
jeweiligen Typ und die jeweilige Position des einen oder der mehreren Objekte in einem Frame anzeigt, ein
trainiertes Richtlinienmodell zum Bestimmen einer Anzahl N von zu überspringenden Frames zu erzeugen,
wobei das verstärkte Lernverfahren als Eingabe die Vielzahl von Trainingsframes nimmt und eine Belohnungs-
funktion verwendet, um für gegebene Zustände, die den Typ und die Position von einem oder mehreren Objekten
im Trainingsframe anzeigen, eine Erhöhung der Anzahl von übersprungenen Frames zu belohnen, während
das Überspringen von bestimmten Schlüsselframes bestraft wird, um am trainierten Richtlinienmodell anzu-
kommen.

12. Computerimplementiertes Verfahren, das Folgendes umfasst:

Empfangen (7.1) von Daten, die eine Vielzahl von Trainingsframes repräsentieren, die eine oder mehrere
Videosegmente repräsentieren;
Bestimmen (7.2) von Schlüsselframes in der Vielzahl von Trainingsframes, wobei Schlüsselframes Frames
sind, in denen neue Objekte erscheinen oder Objektübergänge auftreten;
Bestimmen (7.3) eines verstärkten Lernverfahrens, um in Reaktion auf einen detektierten Zustand S, der den
jeweiligen Typ und die jeweilige Position des einen oder der mehreren Objekte in einem Frame anzeigt, ein
trainiertes Richtlinienmodell zum Bestimmen einer Anzahl N von zu überspringenden Frames zu erzeugen,
wobei das verstärkte Lernverfahren als Eingabe die Vielzahl von Trainingsframes nimmt und eine Belohnungs-
funktion verwendet, um für gegebene Zustände, die den Typ und die Position von einem oder mehreren Objekten
im Trainingsframe anzeigen, eine Erhöhung der Anzahl von übersprungenen Frames zu belohnen, während
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das Überspringen von bestimmten Schlüsselframes bestraft wird, um am trainierten Richtlinienmodell anzu-
kommen.

Revendications

1. Appareil (90), comprenant un moyen pour :

recevoir (6.1) des données représentant une première trame d’un contenu vidéo comprenant une pluralité de
trames ;
déterminer (6.2), pour au moins un objet dans une première trame, un type et une position d’objet dans la
première trame ;
à l’aide d’un modèle de politique, déterminer (6.3) un nombre N de trames à sauter sur la base d’une comparaison
du type et de la position de l’objet dans la première trame avec le type et la position d’un ou plusieurs objets
dans une ou plusieurs trames antérieures, dans lequel le modèle de politique a été entraîné à l’aide d’un procédé
d’apprentissage renforcé qui prend en entrée une pluralité de trames d’entraînement, utilise un modèle de
détection d’objet pour déterminer des trames clés dans la pluralité de trames d’entraînement, une trame clé
étant une trame dans laquelle un nouvel objet apparaît ou des transitions d’objets se produisent, dans lequel
le procédé d’apprentissage renforcé utilise une fonction de récompense qui récompense, pour des états donnés
indicatifs du type et de la position d’un ou plusieurs objets dans les trames d’entraînement, une augmentation
du nombre N de trames sautées, tout en pénalisant le saut de trames clés déterminées ; et
fournir (6.4) la trame N + 1, et non les trames sautées, à un moyen pour appliquer ladite trame à un modèle de
vision pour analyser les trames fournies.

2. Appareil selon l’une des revendications précédentes, dans lequel la détermination du type et de la position d’objet
dans la première trame comprend l’identification d’une pluralité d’objets dans la première trame, la détermination,
pour chaque objet, du type et de la position d’objet dans la première trame, et dans lequel la détermination du
nombre N de trames à sauter est basée sur une comparaison des types et des positions respectifs de tous les
objets dans la première trame avec les types et les positions d’un ou plusieurs objets dans une ou plusieurs trames
antérieures.

3. Appareil selon la revendication 1 ou la revendication 2, dans lequel le moyen est en outre configuré pour recevoir
des trames ultérieures de contenu vidéo de la pluralité de trames, pour et répéter les opérations de détermination
et de fourniture pour lesdites trames ultérieures.

4. Appareil selon l’une des revendications précédentes, dans lequel le modèle de politique reçoit en entrée un paramètre
d’état S indicatif du type et de la position respectifs des un ou plusieurs objets dans la première trame ou dans toute
trame ultérieure.

5. Appareil selon l’une des revendications précédentes, dans lequel le modèle de détection d’objet a été pré-entraîné
pour classer des données d’image reçues comme comprenant une ou plusieurs classes d’objets identifiées.

6. Appareil selon l’une des revendications précédentes, dans lequel le moyen de traitement de modèle de vision est
distant de l’appareil.

7. Appareil selon l’une des revendications précédentes, dans lequel le moyen de traitement de modèle de vision est
un modèle informatique pour analyser des trames fournies et pour produire une sortie d’inférence.

8. Appareil selon l’une des revendications précédentes, dans lequel le moyen comprend :

au moins un processeur ; et
au moins une mémoire connectée à l’au moins un processeur.

9. Procédé mis en œuvre par ordinateur, comprenant :

la réception (6.1) de données représentant une première trame de contenu vidéo comprenant une pluralité de
trames ;
la détermination (6.2), pour au moins un objet dans une première trame, d’un type et d’une position d’objet dans
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la première trame ;
à l’aide d’un modèle de politique, la détermination (6.3) d’un nombre N de trames à sauter sur la base d’une
comparaison du type et de la position de l’objet dans la première trame avec le type et la position d’un ou
plusieurs objets dans une ou plusieurs trames antérieures, dans lequel le modèle de politique a été entraîné à
l’aide d’un procédé d’apprentissage renforcé qui prend en entrée une pluralité de trames d’entraînement, utilise
un modèle de détection d’objet pour déterminer des trames clés dans la pluralité de trames d’entraînement,
une trame clé étant une trame dans laquelle un nouvel objet apparaît ou des transitions d’objets se produisent,
dans lequel le procédé d’apprentissage renforcé utilise une fonction de récompense qui récompense, pour des
états donnés indicatifs du type et de la position d’un ou plusieurs objets dans les trames d’entraînement, une
augmentation du nombre N de trames sautées, tout en pénalisant le saut de trames clés déterminées ; et
la fourniture (6.4) de la trame N + 1, et non des trames sautées, à un processeur de modèle de vision pour
analyser les trames fournies.

10. Support non transitoire lisible par ordinateur (120) comprenant des instructions de programme stockées sur celui
pour réaliser un procédé comprenant :

la réception (6.1) de données représentant une première trame de contenu vidéo comprenant une pluralité de
trames ;
la détermination (6.2), pour au moins un objet dans une première trame, d’un type et d’une position d’objet dans
la première trame ;
à l’aide d’un modèle de politique, la détermination (6.3) d’un nombre N de trames à sauter sur la base d’une
comparaison du type et de la position de l’objet dans la première trame avec le type et la position d’un ou
plusieurs objets dans une ou plusieurs trames antérieures, dans lequel le modèle de politique a été entraîné à
l’aide d’un procédé d’apprentissage renforcé qui prend en entrée une pluralité de trames d’entraînement, utilise
un modèle de détection d’objet pour déterminer des trames clés dans la pluralité de trames d’entraînement,
une trame clé étant une trame dans laquelle un nouvel objet apparaît ou des transitions d’objets se produisent,
dans lequel le procédé d’apprentissage renforcé utilise une fonction de récompense qui récompense, pour des
états donnés indicatifs du type et de la position d’un ou plusieurs objets dans les trames d’entraînement, une
augmentation du nombre N de trames sautées, tout en pénalisant le saut de trames clés déterminées ; et
la fourniture (6.4) de la trame N + 1, et non des trames sautées, à un processeur de modèle de vision pour
analyser les trames fournies.

11. Appareil comprenant un moyen pour :

recevoir (7.1) des données représentant une pluralité de trames d’entraînement représentant un ou plusieurs
segments de vidéo ;
déterminer (7.2) des trames clés dans la pluralité de trames d’entraînement, dans lequel les trames clés sont
des trames dans lesquelles de nouveaux objets apparaissent ou des transitions d’objets se produisent ;
utiliser (7.3) un procédé d’apprentissage renforcé pour générer un modèle de politique entraîné pour déterminer
un nombre N de trames à sauter en réponse à un état S détecté indicatif du type et de la position respectifs
des un ou plusieurs objets dans une trame, le procédé d’apprentissage renforcé prenant en entrée la pluralité
de trames d’entraînement et utilisant une fonction de récompense pour récompenser, pour des états donnés
indicatifs du type et de la position d’un ou plusieurs objets dans les trames d’entraînement, une augmentation
du nombre de trames sautées tout en pénalisant le saut de trames clés déterminées afin d’arriver au modèle
de politique entraîné.

12. Procédé mis en œuvre par ordinateur, comprenant :

la réception (7.1) de données représentant une pluralité de trames d’entraînement représentant un ou plusieurs
segments de vidéo ;
la détermination (7.2) de trames clés dans la pluralité de trames d’entraînement, dans lequel les trames clés
sont des trames dans lesquelles de nouveaux objets apparaissent ou des transitions d’objets se produisent ;
l’utilisation (7.3) d’un procédé d’apprentissage renforcé pour générer un modèle de politique entraîné pour déterminer
un nombre N de trames à sauter en réponse à un état S détecté indicatif du type et de la position respectifs des un
ou plusieurs objets dans une trame, le procédé d’apprentissage renforcé prenant en entrée la pluralité de trames
d’entraînement et utilisant une fonction de récompense pour récompenser, pour des états donnés indicatifs du type
et de la position d’un ou plusieurs objets dans les trames d’entraînement, une augmentation du nombre de trames
sautées tout en pénalisant le saut de trames clés déterminées afin d’arriver au modèle de politique entraîné.
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